Stereo vision is used to reconstruct 3D information of the space by estimating the depth value from the simulation of human eyes. Spatial restoration can be used as a means of location estimation in an indoor area, which is impossible to accomplish using the relative location estimation technology, GPS. By mapping the real world in virtual space, it is feasible to clear the boundary between real space and virtual space. is paper presents a method to control the drone indoors through a positioning system using Structure from Motion algorithm (SfM). SfM calculates the relative relationship between cameras based on images to be acquired from various locations and obtains disparity to enable restoration of 3D space. First, the 3D virtual space is reconstructed using several photographs taken from an indoor environment. Second, the real-time drone position is determined by comparing the 3D virtual space camera with the image displayed on the drone camera. In this case, if the direction of the virtual camera used for 3D virtual space construction is the same as the amount of yaw rotation of the drone, it is possible to quickly find the same position as the image seen in the real drone camera in the virtual space. As a result, if the scale of the actual camera image and the virtual camera image is 1 : 1 matched, then it is possible to know that the drone is in the position of the virtual camera. e proposed indoor location-based drone controlling method can be applied to various drone applications such as group flight in an indoor environment because of its ability to fly the drone without the use of the traditional remote-control and flight trajectory programming.
Introduction
In modern society, drones are aviation system with a wide range of applications. e drone developed in the military is efficient equipment that can perform tasks at a low cost and without any risk in industry, agriculture, and disaster prevention. Drones can generally be controlled using equipment such as GPS, cameras, laser scanners, and ultrasonic sensors. For example, GPS can measure position and altitude, cameras can acquire images that are difficult to see with the naked eyes, and laser sensor can measure the distance between objects.
e measured data can be used for autonomous flying or object recognition.
e drone can acquire various information while measuring the position as well as altitude, but it is relatively limited in the indoor environment. GPS works only outdoors and a good laser scanner is big and heavy for flying small indoor drones. On the contrary, big drones that could carry laser scanners are dangerous and difficult to control in the indoor environment. Even though using a light-weight ultrasonic sensor can measure the distance to some extent, the measurement is inaccurate. In order to address this problem, research in the field of computer vision is incorporated in drone technology.
Computer vision can be used for position control of the drone. Distance measurement through a camera generally uses two cameras, which is similar to the principle of the human eyes. Since the two eyes of a human observe an object at different positions, there is a difference between the vantage point angles, which is called disparity, and this disparity can be used to estimate the distance of the observed object from the 'eye' or the camera. Stereo vision is based on this principle.
After measuring the distance, it is possible to determine the relative position of the drone through the camera without using GPS or laser sensors. In order to determine the relative position of the drone, it is necessary to determine the relative distance from the origin in a 3D virtual environment.
e 3D reconstruction of the indoor space can be constructed using Structure from Motion (SfM). SfM reconstructs 3D coordinates from 2D images with disparity, which is the characteristic of stereo vision using multiple images. Multiple images for SfM can be easily acquired with a drone.
As shown in Figure 1 , the SfM pipeline finds the feature points in each image and finds the feature points corresponding to the points of interest in one image into the other image, and this process is called correspondence. Various studies have been carried out to find corresponding points; Lowe proposed an algorithm to extract features that are invariant to image size and rotation [1] . e algorithm constructs a scale space and finds the key points through the DoG (difference of Gaussian) operation, then removes any keys that do not meet the criteria, and assigns the directionality to the appropriate key. By configuring the descriptors by assigning a fingerprint to these keys, a unique matching point with scale and rotation invariance is constructed. ese matching points have high accuracy but require a large computational complexity and long execution time.
Bay proposed a SURF (Speed-Up Robust Features) algorithm that resolves these drawbacks [2] . To use the integral image, the fast Hessian detector was used. If the determinant is a positive number and the sign of the given value is the same, it is assigned as a key point. Similar to SIFT (scale invariant feature transform), key points are extracted from various scales. Afterwards, the direction is given through the Haar wavelet response. SURF is relatively fast but uses only gray space information.
Once good feature points are found, the path through which the feature points move in each image can be analyzed. Carlo Tomasi proposed a method of tracking strong feature points in every frame through optical flow [3] . It is shown that the optical flow in the region N of the window centered on the pixel is the same and can be traced. Since the above method is a local algorithm, the size of the window is important. It also has a disadvantage because optical flow is affected by the instantaneous changing light.
On the contrary, there is a guided searching method approaching through epipolar geometry. e feature points of an image are mapped to other images by the matrix F and near the epipolar line. In this case, F is called the fundamental matrix, and the rotation and translation [R|t] vectors of the camera can be constructed from F [4] [5] [6] [7] [8] [9] [10] [11] . is allows us to identify camera movement.
Wang constructed an indoor space using VisualSFM by obtaining images of multiple angles and the camera trajectory of the acquired images and making "belief maps" through FCNN (fully convolution neural networks) to complete the space [12] .
Snavely uses image-based rendering technology to complete 3D model correspondence from various images published on the web and to navigate the virtual space through a smooth transition between images [13] .
Ryan et al. conducted an epidemiological investigation at low cost in the western part of the Greenland ice sheet and proved to be efficient in characterizing large jet glaciers [14] .
In addition, indoor location-based studies using RSSI (received signal strength indication) or TOF (time of flight) are introduced in this study [15, 16] .
Multiview reconstruction is possible, based on the above studies, and spatial reconstruction is utilized efficiently in various areas.
Dense reconstruction is required because the 3D coordinates formed along the camera motion are low in density. In general, dense reconstruction through multiview stereo (MVS) algorithm of Figure 2 has the type of depth map, point cloud, volume scalar field, and mesh [17] .
e depth map can be used in various areas such as scene analysis and visualization, but there is a problem in merging the 3D model of the entire area. Likewise, the quality of the 3D model may deteriorate. e point cloud is easy to merge and split, and it can overcome the drawbacks of depth map because it creates a single point cloud from all input images. e volume scalar field method can be restored from images, depth maps, and point clouds, but integrating into a single mesh is a difficult problem.
is paper aims at 3D reconstruction through an indoor location-based drone control method using a single-view camera mounted on a drone. Various researches in computer vision are examined in the development of this study. In the proposed method, the camera image obtained from the drone is transmitted to the ground station and the spatial coordinates reconstructed by SfM are visualized by the 3D modelling program. If the position of the drone is estimated by comparing the image projected on the virtual camera with the current image of the drone camera, it is possible to control the drone using the virtual spatial coordinates. If the yaw rotation of the drone and the rotation of the virtual camera are equal, the position of the drone can be estimated with high accuracy and it is proven with experimental result (Section 4) in the proposed method. e rest of this paper describes the proposed method. First, the feature point estimation in each image is explained in Sections 2.1 and 2.2 discusses the epipolar geometry configuration using correspondence. Sections 2.3 and 2.4 describe the 3D reconstruction of correspondence. In Sections 3.1 and 3.2, an environment map is presented and the position estimation of the drone is discussed, respectively. e experimental verification and discussion are presented in Section 4, and finally, Section 5 draws the conclusion on the proposed method.
3D Reconstruction at Indoor
Positioning System e pipeline for SfM is shown in Figure 1 . SIFT extracts the feature from the input image sequence and correspondence is calculated from each image based on the extracted feature. By calculating the fundamental matrix using features with high accuracy, the essential matrix through the camera matrix can be determined. By decomposing the essential matrix into singular value decomposition (SVD), the rotation/translation matrix is calculated. Once calculating [R|t], the movement path of the camera can be known and 3D coordinates can be obtained through triangulation.
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Repeatedly applying this to all image sequences will enable 3D reconstruction.
Feature Detection and Matching.
SIFT is an algorithm that extracts feature points that are robust to scale and rotate. Figure 3 depicts SIFT algorithm procedure. Scale-space extrema detection generates Gaussian pyramid and calculates DoG to extract strong feature point candidates for scale change. e key point localization step extracts the correct feature points from the candidate group through the Taylor series. Extracted feature points are assigned directionality in the orientation assignment step.
e orientation histogram is formed by Gaussian blurring, and then the orientation is estimated.
Finally, the directionality is assigned to a certain area and the descriptor is completed as shown in Figure 4 .
e matching method of feature points in the two images finds the same region through comparison of calculated descriptors. In this case, the easiest comparison method is to find the same pair by comparing the distances of two sets as shown in Equation (1) by pairwise matching. Distance matching has advantages of being relatively faster because of being simple to calculate and easy to implement.
Euclidean distance matching: 
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After establishing the correspondence of each image, the path of camera movement can be obtained as described in Section 2.2.
Fundamental and Essential Matrixes.
e fundamental matrix is a matrix containing the properties of the camera, while the essential matrix contains the geometric relationships of the pixel coordinates on the two images. e matrix F in Equation (2) can be calculated when a correspondence is constructed, if there are the eight corresponding points.
Fundamental matrix [4] :
where F: fundamental matrix. p 1 and p 2 : corresponding points. e essential matrix implies a geometric relationship in the normalized image plane. is means that the geometric relationship of both cameras is toward a point in the space. In other words, matrix E shows the rotation and movement relationship between the two cameras. e matrix E can be computed by E K ′ T FK or the corresponding ve points and the camera matrix K, where K is obtained from the EXIF metadata. Essential matrix [4] :
f: focal length and x pp , y pp : the center of the image. Matrix E can be decomposed into a rotation matrix R and a movement matrix t by SVD. If the camera matrix of the rst image is P, then the camera matrix P ′ of the next image can be obtained as Equation (4) .
SVD decomposition of the essential matrix [4] :
ere are four cases of P ′ , and the solution in which the feature points exist in front of the two cameras at a single point can be selected.
Sparse Reconstruction.
e motion of the camera in the 3D space can be estimated by obtaining the rotation and movement matrix [R|t] . Figure 5 depicts the con guration of the 3D coordinates through camera movement in spatial coordinates. If the epipolar geometry [4, 17] is constructed from the position of the camera estimated from the initial image in the sequence image, a 3D coordinate can be obtained through triangulation [11] .
e calculated 3D coordinates are projected on the added camera, and the error is calculated with the feature points formed in the image. is is called the reprojection error [4, 17, 18] , and the reconstruction work is performed to correct the error to the minimum. Expression of the reprojection error Equation (5) is as follows. P i is the projection matrix of the i-th image, X j is the j-th 3D point, and x ji is the observation of the 3D point.
Reprojection error:
Dense Reconstruction.
e sparse reconstruction method reconstructs the camera position and direction at the moment of acquiring the image through the corresponding point. e dense reconstruction method, on the contrary, performs dense reconstruction based on known camera motion [17, 19, 20] . Figure 6 depicts the method of dense reconstruction, which constructs the epipolar geometry through the camera's direction and movement path in the 3D space and nds the corresponding points in the epipolar line. It can be quickly found as an epipolar constraint. When the corresponding points are found, triangulation is performed centering on the corresponding points to construct dense 3D space coordinates. e triangulation can be con rmed by the optical ray intersection of the direction of the feature point mapped to the image from the origin of the camera. However, since the exact intersection cannot be con rmed due to the measurement noise, a pixel with a small error is selected. When a set of selected pixels is referred to as a patch, as shown in Figure 6 , the patch that occludes other patches or is hidden from multiple patches is judged to be outliers, thereby increasing the accuracy.
Indoor Location Estimation of the
Drone Camera e drone ight usually involves acceleration, gyroscope, and geomagnetic sensors. Acceleration/gyro sensors are involved in the horizontal plane of the drone, and geomagnetic sensors are involved in yaw rotation of the drone. In addition, various sensors can be mounted in the drone.
e laser tracking or GPS is often used to locate the drone. But laser tracking is not traceable when the drone is obstructed by obstacles, and the GPS does not work indoors Moving camera P 4 X j x j2 P 3 X j P 2 X j P 1 X j because the signal cannot reach. Indoor location estimation can be performed by installing a beacon or an infrared sensor, but accuracy and installation limitations exist. In this paper, the authors propose a method for estimating the indoor position through the computer vision technique.
Configure Environment Map.
In a three-dimensional space, as the position is a relative concept, the distance and direction away from the origin in the space where the origin exists is the position. In other words, in order to locate the drone, an environment map (virtual space) must be constructed first. e origin of the environment map is set as the last position or the average value of the camera positions when acquiring the images for the spatial configuration. e 3D space can be constructed from the sequence images formed by moving along the wall as discussed in Section 2.3. As shown in Figure 7 , the spatial configuration is reconstructed through the SfM procedure by obtaining 360°space images through yaw rotation and circular trajectory for a certain time after the takeoff of the drone. e yaw rotation amount of the drone at the time of the last image acquisition is the forward vector. e partially constructed environment maps are integrated into one coordinate system by registration. Figure 8 illustrates how to make registration with the 12-zone point cloud.
e registration can be done through an iterative closest point (ICP) process by constructing key points and looking for correspondence. When two sets of coordinate systems X � x 1 , . . . , x N x and P � p 1 , . . . , p N p exist, the registration as shown in Figure 8 is completed by repeating the calculation of [R|t] where the error of the transformation relation E(R, t) � (1/N p ) N p i�1 x i − Rp i − t 2 is minimized [22] .
Since the configured environment map is in the form of a point cloud, restoration of the mesh shape is necessary. e mesh is generally constructed by removing the noise properly, smoothly treating the rough surface, and then repeatedly bundling the mesh into the appropriate triangular unit.
Mesh reconstruction uses marching cube, Delaunay triangulation, and Poisson surface reconstruction. e Poisson surface reconstruction, which is strong against matching error and noise, is widely used. Figure 9 depicts the Poisson surface reconstruction. Since the interior of the model has a negative number and the outer one has a positive number, the boundaries have zero, so a directed sample can be interpreted as a gradient discretization. us, we can solve this problem by calculating the divergence of successive vector fields in a point cloud and solving Poisson's equation to find the scalar field with the most appropriate gradient and discretizing the octree. In this case, the screening algorithm is used to reduce the time complexity and improve the accuracy of the solver by interpolating and processing the points in the partial domain rather than the whole domain.
Location Estimation of the Drone.
ere are two cases of a location estimation of the drone. First, the position of the camera can be determined by analyzing the sequence image added to the existing sequence, as shown in Section 2.3. As a result, the position of the camera becomes the position of the drone. In this case, the added sequence should be a position where the corresponding point can be found in the existing sequence. e other is a method of comparing an image captured by a virtual camera in a 3D space with an image captured by the current drone camera as depicted in Figure 10 . As shown in the figure, when the drone moves toward the target point C, it approaches as the horizontalvertical flight. is is to increase the accuracy of the image comparison by reducing the change of the image rather than the straight flight toward C.
Let D be the position of the current drone, C be the position of the virtual camera, and P be the plane parallel to the drone. en the vector M is an orthogonal projection vector of the vector DC to the plane P. At this time, the angle between the forward vector F of the drone and the vector M can be obtained through
. If the virtual camera also looks toward the M vector, the image similarity can be estimated.
Image similarity can be achieved by the template matching, which is a method to search and check whether a given small template image exists in a large image. Template matching has the disadvantage of only showing good results with the same scale and direction, but it can produce good results because the direction of the drone is the same as the direction of the virtual camera. e similarity of the image can be calculated by Equation (6) .
Template matching similarity: Figure 11 depicts the template matching. Since the drone camera contains more area than the virtual camera image of the target point, it searches the image of the virtual camera in the image of the drone. At this time, when the image of the virtual camera and the image of the drone become the same size, it can be known that the drone has arrived at the target point.
e location estimation through the template matching can reduce the error if the field-of-view of the virtual camera is the same as the drone camera. Also to overcome the error due to the image scale, we construct an image pyramid for the template image. When the drone reaches the target point, a new image sequence is formed and the procedure of Section 2 is repeated to finalize the position. In this case, if the correspondence of the current sequence cannot be found in the existing sequence, it can be estimated as shown in Figure 12 . en, the image of the drone camera is searched from the images projected on the virtual camera in the same direction as the yaw rotation amount of the current drone. At this time, the image of the drone camera becomes a template, the virtual camera moves in the X-Y plane so that the template area is located at the center of the virtual camera image, and the point at which the image scale becomes 1 : 1 by the z-axis is determined as the position of the drone.
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Experimental Results and Discussions
Experiments utilize a programmable Arduino drone. Since an Arduino drone is equipped with a low-performance microprocessor, image processing is not possible, so the station is constructed on the ground. e system of the station role consists of Intel 4405U 2.1 GHz CPU, 8 GB ram, uses Unity3D, VisualSFM [25] , CloudCompare, and MeshLab for 3D visualization. Figure 13 depicts the entire system. As shown in Figure 13 , the drone and the station on the ground exist on the same network and communicate data with each other.
After the drone takes off, it keeps a constant height and scans the space using the image acquisition method of Figure 7 . Precise spatial restoration requires large amounts of photographs with good disparity. e acquired images are sequentially transmitted to the station as shown in Figure 13 .
As shown in Figure 14 , VisualSFM performs sparse reconstruction from the transmitted image and completes dense reconstruction through clustering views for multiview stereo (CMVS).
e point cloud data are meshed by MeshLab, and then the environment map is finally constructed.
Once the environment map is configured, Unity3D visualizes the environment map and takes care of all the control of the drone. e current drone is maintained in the position and orientation in which the last image of the environment map con guration was obtained. Based on this, the origin and direction (forward vector) are matched in the world coordinate system of Unity3D. Once the basic setup is complete, the location can be con rmed via the virtual camera. Figure 12 depicts the current location estimate. e yaw rotation of the drone can be thought of as a camera that re ects a certain range in the space coordinates. As shown in the gure, since the current position is estimated except for the back surface of the plane P which the current drone cannot be seen, the calculation amount can be reduced to 1/2. At this time, the normal vector of the plane P is in the same direction as the forward direction of the drone. It also searches at the last position of the drone, allowing faster calculation.
Once the environment map is con gured, the current position of the drone is con rmed, and then a controller for controlling the drone is not required. It is possible to set the target coordinates of the drone in Unity3D. When the target coordinate is set to P as shown in Figure 15 , the horizontalvertical movement path is calculated as shown in Figure 10 .
As shown in Figure 15 , if a certain frame image is transferred to the station while moving horizontally, the similarity is calculated as shown in Figure 15 using template matching. In the horizontal movement, the virtual image When the horizontal movement is completed, the current image is transmitted to the station and the vertical movement is performed. e vertical movement is sometimes not possible with template matching because it is close to the wall or when there is a large change in the image between the instantaneous arrival point and the final arrival point in a narrow and high space.
erefore, template matching is performed by placing virtual camera images at regular intervals. Since the experimental environment of this paper is not so large, there is no big problem.
As shown in Figure 16 , the vertical movement coordinate is x: −0.405, y: −0.124, z: 2.7, and the azimuth is equal to the azimuth of horizontal movement.
When the final target is reached, the current image is transmitted to the station and the position of the drone is updated as described in Section 2.3.
As in the experiments, it is possible to obtain the relative position of the drone and control the drone in the virtual space without the controller of the actual drone. But there is some problem, the camera is very sensitive to environmental illumination condition and it is a time-consuming process to construct a detailed virtual space using a sequence of images. Also an error exists. In addition, the small drone is vulnerable to hovering, so the drone camera images may not be clear. In Figure 15 , the target point (T2) of the horizontal movement was not suitable for template matching because it was too far from the starting point of the drone. In this case, a good result can be obtained by placing a virtual camera at a coordinate closer (T1) to the starting point of the drone than the coordinate T2 and performing a matching procedure. is is considered to be a phenomenon caused by the qualitative effect of the virtual space or the low resolution of the camera.
An alternative to the proposed method is the RSSI triangulation method. e method of determining the overlapping point based on the three devices that emit the signal is shown in Figure 17 (a). It is relatively easy to install, low cost, and easy to implement. However, it is a two-dimensional estimation and the error rate is high because it generated inadequate noise, and latency is high in real-time tracking. To address this problem, another group estimates the height using ToF camera as shown in Figure 17(b) .
e ULPS measures the two-dimensional coordinates and the ToF measures the height of the drone to complete the three-dimensional coordinates. However, there is a limitation in the location estimation of the 2D space and height estimation can be disturbed by the indoor structure. On the contrary, the proposed method takes a lot of time to construct the virtual space, but it has the advantage of being relatively accurate and posing fewer constraints because the position is obtained based on the similarity between virtual and real space. Of course, direct performance comparison is difficult.
Conclusion
e method proposed in this paper shows that it is possible to track the location of the drone using only a single-view camera in the indoor environment. Compared with the position tracking through various sensors method, even though the 3D restoration process takes a relatively long computational time and cannot be projected in real time, the experimental results guarantee that the accuracy is improved by position correction and image processing. Furthermore, in the proposed method, it is possible to estimate the position of the drone without installing sensors and make 3D reconstruction through additional calculations for shaded areas. Also, by controlling the target point without going through the existing manual controller, the present study may implicate further research and development on group and/or autonomous flight. By increasing the power of the station system and using the GPU-based parallel processing, it can be expected to complement the current visual shortcomings of the proposed method and it is expected that better results will be obtained by applying multiview camera or RGB-D sensor in the future.
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